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Abstract 
Motor fuel distribution problem is considered. Accepting some assumptions it can be reduced to a well-known vehicle 
routing problem with capacity constraints. Ant colony optimization approach is suggested for solving CVRP. Modified ant 
algorithms are performed. Computational results for some benchmarks are given in compare with classical ant algorithm. 
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1. Introduction 
Transportation planning for any kind of goods is obviously important problem especially under market 
economy. The solution of this problem steadily faces a problem of constructing minimum expenses routes for 
an available set of the vehicles. Although this task is not new, an active development of new effective 
algorithms has been conducted within last 50 years. Currently, all existing methods for vehicle routing problem 
can be divided into three groups: exact methods, classical heuristics and metaheuristics. Exact methods 
obviously inapplicable for the solution of practical tasks due to a large number of the calculations demanding 
too much time for problems of average and big dimension. Classical heuristic methods carry out search of 
optimal solution in rather limited space and in most cases stop after finding only local optimum solution. 
Metaheuristics perform fundamental solution research in the most perspective areas of solution space. Swarm 
intelligence methods and genetic algorithms are considered as one of the most perspective metaheuristics for 
many discrete optimization problems and for the vehicle routing problems particularly1,2. 
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In section 2 the motor fuel problem definition is performed and shown how it can be reduced to capacitated 
vehicle routing problem. Mathematical model for CVRP is also performed. In section 3 ant colony optimization 
approach is described and modified algorithms are suggested. Section 4 contains computational results for 
some sets of model tasks (benchmarks). Conclusions presented in section 5. 
2. Problem definition 
2.1. Motor fuel distribution problem 
The practical problem of motor fuel distribution from tank farms to filling stations can be described as 
follows: there are N depots (tank farms), from which M fuels are delivered by n filling stations. Fuel trucks 
consisting of one or more containers (possible with one trailer) are used for fuel distribution. A fuel tanker can 
only be completely filled and discharged, no partial filling or discharging is permitted. Fuel trucks start and 
finish at the vehicle fleet, K is the fleet amount, ki is the amount of trucks in fleet i (i=1,...,K). Nonnegative 
demand of the filling station i for the fuel type j is specified as qij (i=1,...,n, j=1,...,m). Route lengths from fleets 
to filling stations, from oil depots to filling stations and from among all stations are given by the corresponding 
matrices. The aim is to generate tankers routes of the minimum total length to satisfy all stations demands. 
We show that this multiproduct distribution problem can be reduced to the one product distribution task. 
This necessitates making some assumptions that occur in the real motor fuel distribution: 
 each tank farm refers to a particular vehicle fleet, so the distance traveled by all tank trucks will be the same. 
Thus, we can assume that all the vehicles begin their journey directly with the tank farm; 
  in order to avoid several kinds of petroleum products, we can introduce a set of dummy clients, so that gas 
station i will have demand qi1 and each dummy client ( 1, , )j j n n M  will have demand qpr, where p 
is a some gas station and r is a some type of fuel. For example, there are 3 clients and 2 kinds of fuel, so 
demand matrix has 3 rows and 2 columns. We introduce 3 new dummy clients and assign them demand q12, 
q22, q32 accordingly. Finally we have 6 clients with demand for only one type of fuel; 
 geographical arrangement of dummy client qpr should be in the same place as the location of client p or in 
small neighborhood of it. 
It is important to note that the use of such method for reducing the problem of delivery several types of 
products to the one product distribution problem of higher dimension becomes possible only due to the 
restrictions prohibiting partial discharge of oil from the tanker container. 
As a result, the original problem has been reduced to the one product distribution problem with several 
depots, which belongs to a class of the well-known discrete optimization problems, namely the vehicle routing 
problems (VRP). 
2.2. Vehicle routing problem 
Now we can consider a simpler problem – capacitated vehicle routing problem (CVRP). It is formulated is 
as follows. Given a graph G = (V, A, d), where V ={ 0 1, ,.., nv v v } - set of vertices ( 0v - a depot, the other vertices 
- customers), A - a set of edges connecting vertices of the graph. For an arc (i, j) is given a nonnegative factor, 
which usually has the sense of path length, time, or cost of transportation. The specific content of this factor is 
not so important for research, so it can be considered as a generalization of all types of costs for the travel from 
i to j. Positive demand ic is set for client i, capacity of each of the m vehicles is bounded by Ck (k=1,...,m). Also 
the following restrictions for the problem are given: 
 each client should be visited exactly once; 
 start and end of all the routes are at the depot. 
Enter the amount kijX  equal to 1 if the vehicle k follows the customer i to customer j, and 0 otherwise. 
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We have the following mathematical formulation based on the above notation: to minimize the objective 
function  
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The objective function (1) defines the value of all the routes of all vehicles. Inequality (2) ensures that 
capacity constraints of each vehicle are performed. Constraints (3) and (4) determine that each vehicle can 
leave the depot and return to depot only once. Equation (5) shows that each customer is served by only one 
vehicle and only once. Condition (6) ensures that, if the vehicle arrives at the vertex, it also leaves this vertex. 
Condition (9) excludes the possibility of route splitting to the disconnected cycles. 
3. Ant colony optimization for VRP 
3.1. Classical ant colony optimization algorithm 
Metaheuristic algorithms form the basis of current research for solving the VRP. Mainly they include ant 
colony optimization algorithms, deterministic annealing and simulated annealing, tabu search, genetic and 
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memetic algorithms. As it was found out3 ant colony optimization algorithms construct better solutions for 
travelling salesman problem (TSP) which is known to be the particular case of the CVRP. Thus the idea of ant 
colonies can serve a base for constructing effective vehicle routes. 
The approach is to use a model of optimal foraging in colonies of ants that mark the path, throwing special 
aromatic essences, called pheromones. Accumulated traces attract other ants by the scent, which in turn 
increase the pheromone scent. Thus, more and more ants pass to a food source. 
In the application of ant colony optimization algorithm to the solution of CVRP each "ant" is regarded as a 
model of the vehicle4. Initially, each "ant" k starts its route from the depot, and the set Mk customers, included 
in its route, is empty. Then the "ant" chooses the next customer j to visit by the probabilistic criterion5: 
0
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where j is a current client (depot – on the first step); iu  – pheromone amount on the route between clients i and 
u; iu  – heuristic function, inverse distance between clients (for simplicity, we can take 1iu iud );  – 
parameter b establishes the importance of distance in comparison to pheromone quantity; p – is a random 
variable uniformly distributed on [0, 1]; 0p  – parameter ( 00 1p ). S – is a random variable of the 
probability distribution: 
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where ( , )kp i s  – probability for the "ant" k to select to move from client i to client s. 
"Ant" returns to the depot, when vehicle load capacity is over or when all clients are visited. The algorithm 
generates a full route for the first "ant", and only then begins to make for the second. It occurs as long as for 
each of the pre-determined number of "ants" m feasible routes are generated. 
In order to improve future solutions, the pheromone trails of the ants must be updated to reflect the quality 
of the solutions found. Local pheromone update models its natural evaporation and ensures that no route 
becomes too prevalent. This update occurs after the full path construction of each "ant" and is expressed as 
follows: 
0(1 )
new old
ij ij ,        (12) 
where  – parameter that controls the speed of evaporation, 0  – initial pheromone value. 
After all m "ants" construct a feasible route, global trail updating is performed by adding pheromone to all of 
the arcs included in the best route found by one of the ants. Pheromone trail on these arcs updates as follows: 
(1 )new oldij ij L
,        (13) 
where L – is total costs of the best route of one "ant". This updating encourages the use of more "cheaper" 
routes and increases the probability that future routes will use the arcs contained in the best solutions. This 
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process is repeated for a predetermined number of iterations and the best solution from all of the iterations 
should represent a good approximation of the optimal solution for the problem. 
 
3.2. Modified ant colony optimization algorithm 
For solving real-world routing problems by the algorithm described above, all parameters’ 
values 0 0, , ,p  should be defined. Therefore, it is very important to provide some rules for parameters 
calculating. For example, here6 is suggested to define initial pheromone value 0  as the inverse of the best 
known problem’s solution. However, such rule is valid only for model tasks and benchmarks where optimal 
solutions are known. Defining initial pheromone value it is necessary to follow the condition 
0
1
L
,          (14) 
that guarantees pheromone increasing after global update procedure (13). 
We propose to calculate the initial pheromone value as the following: 
0
1
( 1) min iji jn d
.        (15) 
Probability distribution (11) is proposed to modify the as follows: 
- after the full path construction of each "ant" is proposed to remember the best and worst routes of 
one ant (L and R, respectively, the costs of these routes); 
- in the case, when the path from customer i to customer j is contained in the worst route, then the 
probability  
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It is worth to note that in the case with one vehicle the modified algorithm is almost the same with the 
classical one. 
 
3.3. Two-phase algorithm 
One of the advantages of ant algorithms over the others is that they can be easily combined with local search 
optimization methods. To improve the quality of solutions any of such methods can be used. For the proposed 
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modified ant colony optimization algorithm 2-point local optimization method was selected. It consists of the 
two clients interchange in a single vehicle route. In pseudo code this procedure can be described such as 
follows: 
1. Best route cost equals primary cost of the route kT . 
2. Loop for all clients in route from the first (exclude depot and last client). 
2.1.  Loop for all customers in route starting next selected in 2. 
2.1.1.   Exchange clients chosen in 2 and 2.1 in the route kT . 
2.1.2.   If the new route cost is less than the best route cost, then update current route kT  and the best 
cost. 
2.1.3.  Loop 2.1 ends. 
2.2 Loop 2 ends. 
3. Return current route kT . 
It is obvious that the complexity of this procedure is not greater than 2( )O n . 
4. Experimental results 
To investigate the effectiveness of the proposed ant algorithm modifications and compare with classical one, 
all the algorithms have been implemented as a dynamic program (shared object) library. The library was 
written in C++ using the precise calculations library GNU Multi-Precision (GMP), available free under license 
GNU LGPL. Therefore it becomes possible to reduce computing inaccuracies to a minimum without the 
computation time increasing. 
To estimate the quality of algorithms for solving CVRP we used benchmarks from two different groups: 
Augerat et al.7 and Christofides and Eilon8. These tasks are a set of specially designed test cases, for which the 
optimal (or the best of received) objective function value and the minimum number of vehicles used are known. 
Clients and depot are given by decart coordinates on the plane, the distance between them is calculated by 
Euclidean metric. Benchmarks Augerat et al. divided into three classes: A, B and P. In the problems of class A 
location of customers and demand is random, in the problems of class B clients are clustered , i.e. they can 
easily be divided into groups according to their location relative to each other . Problem of the class P are 
modified tasks of other examples from the literature. 
Problem name contains information about the number of customers and the minimum number of vehicles 
required. For example, the name A-n39-k5 indicates that it refers to the problems of class A, contains 38 (one 
more vertices is a depot) customers and requires at least 5 vehicles. First letter ‘E’ in problem name indicates 
that this task refers to Christofides and Eilon benchmarks. 
Computational experiment was conducted for three algorithms: classical ant colony optimization (CACO), 
modified ant colony optimization (MACO) and two-phase modified ant colony optimization (TFMACO). 
Table 1 presents solution costs F, execution time and deviation of the obtained value from the optimum. The 
deviation was calculated by the formula 
100%.opt
opt
F F
Gap
F
        (18) 
All the algorithms stopped to perform after 10000 iterations achieved. For CACO the initial pheromone value 
defined like in6. Values 0, p  ranged from 0 to 1 with increment of 0.1,  ranged from 0 to 5 with increment 
of 0.2. 
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Table 1. Computational results for some benchmarks 
Problem 
name 
F 
F opt. 
Execution time, seconds Gap, % 
CACO MACO TFMACO CACO MACO TFMACO CACO MACO TFMACO 
A-n32-k5 844.1 836.6 822.9 784 14 14 24 7.7 6.7 5 
A-n37-k6 986.4 1000.3 998.2 949 22 24 27 3.9 5.4 5.2 
A-n39-k5 913.6 903.8 867 822 25 25 32 11.1 10 5.5 
A-n48-k7 1202.6 1197 1182.6 1073 36 36 42 12.1 11.6 10.2 
A-n54-k7 1314.5 1285.1 1262.7 1167 46 47 54 12.6 10.1 8.2 
B-n41-k6 860.4 864.4 857.8 829 28 28 33 3.8 4.3 3.5 
B-n43-k6 787.9 788.9 782.2 742 32 32 35 6.2 6.3 5.4 
B-n45-k5 795 792.6 781.9 751 34 34 39 5.9 5.5 4.1 
P-n16-k8 451.3 451.3 451.3 450 5 5 6 0.3 0.3 0.3 
P-n23-k8 533.7 533.7 531.2 529 9 9 10 0.9 0.9 0.4 
P-n40-k5 511.4 509.7 493.3 458 28 30 34 11.7 11.3 7.7 
P-n50-k7 639.2 622.6 614.9 554 43 44 51 15.3 12.4 11 
P-n60-k10 826.9 825.9 800.5 744 62 63 69 11.1 11 7.6 
P-n70-k10 912.5 912.2 892.6 834 85 89 97 9.4 9.4 7 
P-n76-k5 763.3 717.1 693.8 631 104 115 127 21 13.6 10 
P-n101-k4 811.7 795.8 783.3 681 186 194 252 19.2 16.9 15 
E-n22-k4 381.7 381.7 381.7 375 9 9 11 1.8 1.8 1.8 
E-n30-k3 565.3 560.4 556.4 534 17 17 24 5.9 4.9 4.2 
E-n51-k5 595.6 592.7 560.9 521 46 48 58 14.3 13.8 7.7 
E-n76-k15 1183 1158.4 1138.1 1030 102 103 112 14.9 12.5 10.5 
E-n101-k14 1309.3 1321.1 1266 1077 181 183 185 21.6 22.7 17.5 
 
Thus, from the 21 task better values were obtained by the modified ant algorithm in 14 cases, in 4 cases 
classic ant algorithm constructed better solution than the proposed modification and in 3 cases solutions were 
equal. Two-phase modified algorithm achieved better values of objective function than other algorithms in 18 
cases. 
Comparing computational results presented in table 1 with others, it should be noted that obtained objective 
function values for benchmarks are not the best among algorithms suggested last time by other authors. But 
execution time by our algorithm is mainly smaller; for example, see particle swarm intelligence algorithm 
results for CVRP9. 
5. Conclusion 
Motor fuel distribution problem is still actual task for huge oil companies with large network of petrol 
stations. It was shown that this problem can be reduced to a well-known class of discrete optimization problems 
due to specific constraints of oil-product transportation.  
Ant colony optimization algorithms are considered to be very effective for many discrete optimization 
problems and for vehicle routing problem particularly. Presented results on some benchmark sets show that 
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rather good solutions may be obtained in a short time. Constructed two-phase algorithm proves an opportunity 
to combine ant colony algorithms and local search optimization methods to improve solutions. 
To apply proposed algorithms in informational systems and decision support systems all the control 
parameters should be defined unambiguously. 
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